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ABSTRACT: Bacterial identiﬁcation is of great importance in clinical diagnosis, environmental monitoring, and food safety
control. Among various strategies, matrix-assisted laser desorption/ionization time-of-ﬂight mass spectrometry (MALDI-TOF
MS) has drawn signiﬁcant interest and has been clinically used. Nevertheless, current bioinformatics solutions use spectral
libraries for the identiﬁcation of bacterial strains. Spectral library generation requires acquisition of MALDI-TOF spectra from
monoculture bacterial colonies, which is time-consuming and not possible for many species and strains. We propose a strategy
for bacterial typing by MALDI-TOF using protein sequences from public database, that is, UniProt. Ten genes were identiﬁed to
encode proteins most often observed by MALD-TOF from bacteria through 500 times repeated a 10-fold double cross-validation
procedure, using 403 MALDI-TOF spectra corresponding to 14 genera, 81 species, and 403 strains, and the protein sequences of
1276 species in UniProt. The 10 genes were then used to annotate peaks on MALDI-TOF spectra of bacteria for bacterial
identiﬁcation. With the approach, bacteria can be identiﬁed at the genus level by searching against a database containing the
protein sequences of 42 genera of bacteria from UniProt. Our approach identiﬁed 84.1% of the 403 spectra correctly at the genus
level. Source code of the algorithm is available at https://github.com/dipcarbon/BacteriaMSLF.
KEYWORDS: bacterial identiﬁcation, proteomics, MALDI-TOF, library-free, double-cross validation, ribosomal proteins, UniProt,
MALDI-TOF peak annotation, parameter optimization, data ﬁltering
1. INTRODUCTION
Bacterial infections are one of the most common threats to
public health worldwide. According to the Review on
Antimicrobial Resistance,1 global deaths attributed to anti-
microbial resistant bacteria are estimated to reach 10 million by
2050. Appropriate and authentic information on the type of
bacteria involved in infection is crucial in ensuring to select
proper antibiotic therapy. Traditional methods in bacterial
identiﬁcation usually include morphological observations of
bacteria cultured from samples,2 physiological and biochemical
reactions with bacterial proteins,3 and enzymatic tests.4 The
aforementioned methods take several days to carry out, and
further delay in starting necessary antibiotic treatments, as well
as incur high labor and patient care costs.5 Furthermore, many
pathogenic bacteria cannot be successfully cultured due to
inappropriate sample collection or the unavailability of selective
bacterial culture media.
Recently, genomic methods have been used for the
identiﬁcation of bacterial species such as 16S rRNA
identiﬁcation6 with polymerase chain reaction (PCR)7,8 and
the next generation high-throughput sequencing.9 These
techniques hold certain advantages such as high sensitivity
and strong accuracy. However, the genome-based techniques
are still limited in several aspects. PCR is an analysis method
that needs prior knowledge of the target sequences, and it is
easily aﬀected by contaminations.10 The resolving power of 16S
rRNA identiﬁcation at the level of species is not satisfying.11
Next-generation high-throughput sequencing is the technique
with highest speciﬁcity in the diﬀerentiation of strains, but is
not suitable for routine testing because the analysis takes several
days.12
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Since the 1980s, matrix-assisted laser desorption/ionization
(MALDI)5 and electrospray ionization (ESI)13 as part of mass
spectrometers have been used for the analysis of proteins.
Speciﬁcally, MALDI time-of-ﬂight (TOF) mass spectrometry
(MS) has been suggested as an alternative for microbial
identiﬁcation by analyzing monoculture bacteria.14 This
technique has several desirable features, such as a minimal
requirement for sample preparation and consumables, and
short analysis time. The principle is based on the high
speciﬁcity of MALDI-TOF spectra for diﬀerent bacteria, which
are considered as the ﬁngerprint of bacteria and can be used for
bacterial identiﬁcation. It was reported that peaks in MALDI-
TOF spectra of bacteria mainly originate from ribosomal
proteins, which are enriched during the sample preparation
steps of protein extraction from bacterial cells using formic
acid.15 However, when using rotating culture, strain media
culture, and ethanol extraction, it is possible to detect other
types of proteins.16 Therefore, sample preparation methods
have great inﬂuence on protein proﬁles and mass spectra and
hence on identiﬁcation results.
Another prerequisite for MALDI-TOF based bacterial
identiﬁcation is the availability of accurate spectral library
acquired from known monoculture bacterial samples, which
limits the method only to cultivable bacteria. There are several
commercial companies that manufacture MALDI-TOF instru-
ments, while only a handful of commercial systems, such as
Biotyper from Bruker Daltonics17 and VITEK MS from
BioMeŕieux,18 are optimized for high-throughput bacterial
identiﬁcation. These companies integrate mass spectrometry
platforms, spectral libraries, and software to identify and classify
microbial organisms. These systems typically apply robust
algorithms associated with multivariate statistical approaches
for spectral matching. However, these algorithms and spectra
database are not open source and are expensive, which certainly
hinder the wide application of MALDI-TOF technology for
bacterial identiﬁcation. Furthermore, the spectral libraries are
normally associated with speciﬁc instruments and sample
preparation methods, limiting the share and process of data
from diﬀerent instruments and laboratories.
An alternative approach to this method is to annotate
MALDI-TOF spectral peaks with genomic or proteomic
sequences available in public repositories such as UniProt or
Ensembl. In 2001, Demirev et al.19 established a micro-
biological rapid identiﬁcation method called “Non-Protein-
Based Approaches”. This method used the information
contained in protein sequences database, that is, SwissProt.
They chose 35 biomarkers, for example, P56058, P56056,
O25662, O25451, etc., to identify Helicobacter pylori. In 2003,
the same research team20 extended this approach to four
genera, that is, Bacillus, Escherichia, Pseudomonas, and
Haemophilus. They selected diﬀerent biomarkers for the
characterization of diﬀerent microorganisms (5 species from 4
genera) and achieved an accurate identiﬁcation rate of 95%.
Since this research team’s endeavor, there has been little
progress on the bacterial identiﬁcation approach using genomic
or proteomic sequences, despite the rapid development of
public sequences databases such as UniProt and Ensembl.
In this study, we have developed an approach that allows for
the generic identiﬁcation of a wide range of bacterial strains by
directly matching their MALDI-TOF spectra to protein
sequences in UniProt. We identiﬁed ten genes that encode
proteins most often observed in MALDI-TOF spectra using a
double cross-validation procedure with a data set consisting of
403 MALDI-TOF spectra corresponding to 14 genera, 81
species, and 403 strains and the protein sequences of 1276
species in UniProt. The 10 genes were then used to annotate
peaks on MALDI-TOF spectra of bacteria for bacterial
identiﬁcation, resulting in a global identiﬁcation accuracy of
84.1% at the genus level.
Common genera, for example, Bacillus, Pseudomona,
Escherichia, Brucella, Listeria, etc., can be well identiﬁed with
accuracy >80%, while genera with little protein sequence
information in UniProt can hardly be identiﬁed. Because of the
narrow distribution of the molecular weights of the proteins
encoded by the genes within the same genera, it is hard to
resolve species within a genus through this method. Comparing
to the previous spectral library-free MALDI-TOF bacterial
identiﬁcation approaches, it is the ﬁrst attempt to implement
and test the idea in a systematic way, and expands the strategy
to a much wider range of bacterial species. Although this
spectral library-free method is still not as accurate as the
spectral library based approaches, it provides a possibility to
estimate the genus of unknown bacteria or the bacteria that can
hardly be cultured. With the increasing amount of microbes’
proteomic and genomic data, protein sequences in public
databases will become more complete and more accurate
including information such as PTMs and sequence variations,
leading to a better future performance of the method. The
source code of the algorithm is available at https://github.com/
dipcarbon/BacteriaMSLF. It can be easily rerun on new
MALDI-TOF data sets and new proteomic sequence databases
to update the identiﬁcation model.
2. METHODS
2.1. Protein Sequences Database and Spectra
Proteomic sequence database including 86 452 protein entries,
which has been uploaded to Github (https://github.com/
dipcarbon/BacteriaMSLF), from 42 genera and 1276 species, as
detailed in S1 part of the Supporting Information, was
downloaded from UniProt (http://www.uniprot.org). The
protein sequences were ﬁltered with the following rules: (1)
entries with a PE value >3 were removed; (2) entries without a
speciﬁc gene name were removed; (3) entries from strains
without a speciﬁc strain name were removed.
MALDI-TOF MS spectra (645) of 24 genera, 103 species,
and 645 strains were downloaded from various publicly
available databases, as speciﬁed in the S2 part of the Supporting
Information. Intensities were converted to relative intensities
between 0% and 100% with respect to the strongest peak in
each spectrum. Spectra with <70 peaks with signal-to-noise
ratio (S/N) ≥ 3 were eliminated. The 70 most abundant peaks
with S/N ≥ 3 of each spectrum were used for building the
model and for bacterial identiﬁcation.
2.2. Peak Labeling
Peak labeling was achieved by comparing the mass-to-charge
ratio (m/z) of peaks reduced with the weight of proton (1 Da)
to the molecular weight of proteins with a tolerance of 2000
ppm. The large tolerance was used because of the relatively low
resolving power of linear TOF at high m/z.21 When multiple
proteins could be matched to one peak, the protein with the
smallest diﬀerence between measured m/z and theoretical
molecular weight was selected.
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2.3. Identiﬁcation of Most Informative Genes by Double
Cross-Validation Procedure
Statistical approaches with a double cross-validation procedure
were applied to identify the most informative genes for bacterial
identiﬁcation as shown in Figure 1. The double cross-validation
process consisted of two nested cross-validation loops, the
inner loop and the outer loop. In the outer loop of the double
cross-validation, the 403 bacterial spectra were divided equally
into 10 subsets. During each outer training, nine subsets were
selected as the outer training set, and one was selected as the
outer test set. In the inner loop, the outer training set was again
divided equally into 10 subsets, where nine of them were
selected as the inner training set and one was selected as the
inner test set. For each outer training loop, 10 inner training
were performed; both the inner and outer loops during the full
process tested the complete data available within their loops.
During the inner loop training, peaks in each mass spectrum
were annotated with the gene names of the proteins of its
corresponding species using the peak labeling strategy
described above. After labeling, gene weight (Wj) was
calculated for each gene during each inner loop training as
follows:










where Wj is the weight of gene j; P is the molecular mass in
Da−1 of matched peaks in the spectra; I is the unit vector; Mij
is the molecular weight of the protein expressed by the gene j in
species i; k is a constant optimized during the double cross-
validation training; and m is the number of species assessed in
each inner loop training. A larger value for Wj indicated that the
gene j was more frequently observed as a matched peak within
the relative mass diﬀerence tolerance in various species by
MALDI-TOF. The diﬀerences between strains within a species
were ignored because of the low number of protein sequences
available in UniProt at strain level. Ten genes with the largest
averaged Wj values were chosen for the identiﬁcation of
pseudounknown samples during tests in inner loop and outer
loop. Herein, we chose the 10 most informative genes, where
the number of 10 was selected to keep short the computation
time, while maintaining high identiﬁcation accuracy, as detailed
in Supporting Information S3.
A molecular weight comparison matrix (M) was created with
the 1276 species from UniProt database as rows and the 10
most informative genes as columns. Each cell contained the
molecular weight of the protein encoded by the corresponding
gene in the corresponding species. Certain species have no
protein sequence information in UniProt for some genes. In
this case, the median molecular weights of the proteins encoded
by the genes in the same genus was used to ﬁll the missing
values. A gene weight table W was obtained after normalization
of gene weights (Wj) against the largest gene weight resulting in
a relative value between 0 and 1. The identiﬁcation of test
spectra as pseudounknown samples was performed by matrix
calculation. For each spectrum, a diﬀerence matrix (C) was
calculated based on the molecular weight comparison matrix
(M), where each cell in the molecular weight comparison
matrix was ﬁlled with the values calculated using eq 2:
Figure 1. Identiﬁcation of the most informative genes for bacterial identiﬁcation using a double cross-validation approach. In the inner loop,
parameters such as intensity threshold (THR), gene weight table (W), R-score threshold (R0), and constant k were optimized and the spectra of the
test outer loop were used to assess the performance of the method using the optimal parameters.
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where k is the same constant used in eq 1. The C matrix was
then multiplied by the gene weight table W to obtain a list of
species and their corresponding scores R:
= ×× × ×R C Wm m n n1 1 (3)
where n is the number of the most informative genes (n = 10)
for spectra identiﬁcation; m is the number of species in
database (m = 1276). The species with the largest R-score value
and larger than R0 was considered as positive identiﬁcation
result. Meanwhile, the R-score for the best match must be
larger than R̅ + SD, where R̅ is the averaged R-score value for all
the 1276 species; SD is the standard deviation of all the R-score
values. Otherwise the spectra were reported to be not
identiﬁed. An example of the calculation for the identiﬁcation
of a mass spectrum is given in S4 section of the Supporting
Information.
Spectra identiﬁcation accuracy was calculated during each
inner loop testing. R0, Wj, k, THR, and the most informative
genes were optimized using genetic algorithm, a method to
solve the problem of constraint optimization by simulating
evolution.22 Using R0 as an example, the R0 value was converted
to a binary value. For instance, the value of 0.8125 in the
decimal system can be converted to 0.1101 in the binary
system. Then a Python open source framework, Pyevolve,23
was applied for the optimization of the R0 value. In an ideal
situation, the value could be the optimal after several
generations of evolution by the genetic algorithm to reach
the highest identiﬁcation accuracy of the test sets. Detailed
description of the usage of the open source framework is given
i n G i t h u b a t h t t p s : / / g i t h u b . c om/d i p c a r b o n /
BacteriaMSLF#gapy. The medians of of R0, Wj, THR, and k
parameters from 10 inner loop trainings were selected to enter
the outer loop. Identiﬁcation accuracy was calculated using the
outer tests in the outer loop. The medians of R0, Wj, and k
parameters from 10 outer loop training were selected for the
ﬁnal model of that particular double cross-validation loop.
Herein, we repeated 500 times the double cross-validation
procedure, and the average value of R0, Wj, THR, and k
parameters from each double cross-validation run were chosen
as the ﬁnal parameter values for bacterial identiﬁcation.
3. RESULTS AND DISCUSSION
3.1. Database Filtering
The current strategy for spectra matching against protein
sequences database is based on the hypothesis that more peaks
in a MALDI-TOF spectrum can be labeled when using the
protein sequences of the corresponding genus (or species) than
using protein sequences from any other genera (or species).
The hypothesis has been demonstrated on the 14 genera, as
illustrated in the Figures S2 and S5 part of Supporting
Information. However, we found that many peaks in mass
spectra could not be labeled even with the corresponding
species’ protein sequences from UniProt. There can be three
reasons for this phenomenon: (i) the current protein sequences
database for many bacteria is still far from complete in UniProt;
(ii) post-translational modiﬁcations (PTMs) and sequence
variations should be considered for peak matching, and (iii)
some peaks in mass spectra are not from the intact bacterial
proteins, but underwent to post-translational modiﬁcations or
fragmentations during sample preparation or MALDI proce-
dure. It is noteworthy that some of protein mass variances such
as due to PTMs and sequence variability is taken into account
by the 2000 ppm protein mass matching tolerance. As shown in
Figure 2, the averaged numbers of matched peaks in mass
spectra from a genus is positively correlated with the number of
reviewed protein entries in UniProt of the corresponding
genus. The peak labeling was performed using the correspond-
ing species’ protein sequences. When the number of reviewed
proteins in a genus is less than 2000, the average number of
matched peaks in mass spectra from the genus is ≤5, which is
too small to be considered during model training. Therefore,
we used only the mass spectra from genera with at least 2000
reviewed proteins in UniProt for the double cross-validation
procedure. In the current UniProt database, there are 42 genera
of bacteria, which meet this requirement, corresponding to
1276 species, as detailed in the S1 part of Supporting
Information. From various publicly available databases, we
have obtained 403 spectra corresponding to 14 genera, 81
species, and 403 strains, which are subset of the 42 genera, as
detailed in the S2 part of Supporting Information.
3.2. Assessment of Optimal Model Performance
This work employed a double cross-validation24 method to
obtain the optimal gene weight table W for spectral matching.
In the model, the outer test group was independent from the
data used in the inner loop for the optimization of parameters,
and therefore overﬁtting of model parameters can be avoided
when assessing the statistical validity of the library-free MALDI-
TOF bacterial identiﬁcation.25 Ten genes were identiﬁed as the
most informative genes to annotate peaks on MALDI-TOF
spectra for bacterial identiﬁcation (Figure S1 in section S3 of
the Supporting Information). The 10 genes together with their
gene weights are shown on Figure 3. The obtained genes
corresponded to ribosomal subunit proteins and DNA-binding
proteins. Ribosomal proteins in conjunction with rRNA form
Figure 2. Correlation between the averaged numbers of matched
peaks in mass spectra from each genus and the number of reviewed
proteins in UniProt of the corresponding genus. Protein sequences of
the genera of bacillus, bordetella, brucella, burkholderia, escherichia,
f lavobacterium, f rancisella, klebsiella, lactobacillus, listeria, pseudomonas,
salmonella, staphylococcus, vibrio, and yersinia, and the mass spectra
corresponding to the genera as listed in S2 were used to plot the
ﬁgure.
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the ribosomal subunits and are involved in protein trans-
lation.26 DNA-binding proteins are responsible for binding to
DNA regions essential for DNA replication, recombination, and
repair.27 Ribosomal proteins are highly abundant in bacteria. By
statistics,28 the weight of ribosomal proteins accounts for one-
ﬁfth of the total weight of all proteins in a bacterial cell. Figure
3 shows that three genes, rpmC, rpmJ, and rpmH, have relative
much higher gene weights compared to the other genes, which
correspond to 50S ribosomal protein L34, 50S ribosomal
protein L36, and 50S ribosomal protein L29, respectively. The
expression levels of the three proteins in microorganism are
high and their molecular weights are ranging from 4000 to 8000
Da. Mass spectra of bacteria by MALDI-TOF MS normally
show strongest peaks within the mass range of 2000 to 20000
Da.14 The ribosomal proteins are conserved proteins but
speciﬁc to bacteria at genera level, which make them as
potential markers for bacterial identiﬁcation. By only
considering ribosomal protein sequences for spectral matching,
we have obtained another gene weight table as shown in the S6
part of Supporting Information. The top eight genes are the
same as the ones in Figure 3 and with similar gene weights.
A previous study on bacterial identiﬁcation by MALDI-TOF
also supports the results in Figure 3.29 Arnold and Reilly
characterized the proteins isolated from Escherichia coli
ribosomes by MALDI-TOF. They detected 58 ribosomal
proteins, and about half of the peaks in the MALDI-TOF
spectra were attributed to ribosomal proteins. Arnold and Reilly
found out that the MALDI-TOF spectra of proteins isolated
from Escherichia coli ribosomes were rather similar to the
MALDI-TOF spectra of the whole bacterial cells. In their study,
some of the peaks were assigned to ribosomal proteins with
post-translational modiﬁcations. Despite the increasing interests
in bacterial identiﬁcation by MALDI-TOF, there is still little
understanding of the impact of protein sequence variations and
the eﬀect of PTMs on bacterial identiﬁcation using MALDI-
TOF spectra of whole bacterial cells. Knowing the exact PTMs
of proteins and any protein sequence variations would lead to
more accurate calculation of protein molecular weights and
would improve identiﬁcation accuracy of bacteria using the
presented library-free approach.
3.3. Identiﬁcation of Bacteria Using 10 Most Informative
Genes
Identiﬁcation of bacteria was performed by using the proteins
encoded by the 10 most informative genes in diﬀerent species
to match the peaks in mass spectra. Protein sequences from
1276 species of 42 genera (S1 section of the Supporting
Information) were considered during the calculation of R-score,
and the species with the largest R-score and exceeding the
thresholds of R-score (R0) and R̅ + SD was considered as
positive identiﬁcation result. The value of R0 was determined as
1.103, averaged from 500 trials of the double cross-validation
procedure. To reduce the negative eﬀects from low abundant
peaks in MALDI-TOF spectra for bacterial identiﬁcation, which
showed normally large variations in peak m/z and intensity
values during repeated measurements, only peaks with relative
intensity larger than a speciﬁc value were considered for peak
labeling during bacterial identiﬁcation. The threshold for peak
relative intensity (THR) was found as 1.13%, averaged from
500 trials of the double cross-validation procedure. The R0 and
THR were optimized during each inner training to achieve the
highest identiﬁcation accuracy using the corresponding testing
sets.
With the presented approach, the identiﬁcation accuracy at
the genus level was 84.1% and at the species level was 31.2% for
the 403 mass spectra. Speciﬁcally, the identiﬁcation results at
the genus level for mass spectra from Bacillius, Yersinia,
Pseudomonas, Escherichia, Lactobacillus, Vibrio, Brucella, and
Francisella, which had at least 10 spectra for identiﬁcation, are
presented in Figure 4. When considering only ribosomal
protein sequences for peak matching, that is, using the gene
weights as shown in Figure S3 in the S6 section of Supporting
Information, similar identiﬁcation accuracies were obtained.
Among the genera, Vibrio and Lactobacillus showed low
identiﬁcation accuracies, that is, 68% and 65%. The genomes
of Lactobacillus and Vibrio are highly variable, ranging in size
from 1.8 to 3.3 Mbp (mega bases pairs) for Lactobacillus30 and
4.1 to 5.2 Mb for Vibrio,31,32 respectively. Accordingly, low
identiﬁcation accuracy of spectra from Lactobacillus and Vibrio
at the genus level was observed due to the broad diversity
within the genera.
The identiﬁcation accuracy at the genus level is acceptable
for certain applications, but the identiﬁcation accuracy of our
approach at the species level is still too low. Figure 5 shows
Figure 3. Bar plot showing the relative gene weight W for the 10 most
informative genes that can be used for spectral identiﬁcation. The gene
weights were obtained with the double cross-validation procedure
using 403 MALDI-TOF spectra and protein sequences of 1276 species
in Unirpot. The relative gene weights were averaged from 500 trials of
the double cross-validation procedure.
Figure 4. Identiﬁcation accuracy for mass spectra from diﬀerent genera
using the 10 most informative genes. Blue, correctly identiﬁed; red,
incorrectly identiﬁed; gray, spectra without identiﬁcation result.
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variance in molecular weight of the proteins encoded by the
gene rpmC in diﬀerent genera. Many genera, such as Bordetella,
Brucella, Escherichia, Francisella, Pseudomonas, and Vibrio, show
very small variance of the molecular weights of the proteins
encoded by the gene between species within the same genera.
Similar results were obtained using the other genes of the 10
most informative genes, as shown in Figure S4a,b in section S7
of the Supporting Information. Because of the small variability
of molecular mass of the proteins encoded by the 10 most
informative genes, our approach cannot provide suﬃcient
resolving power in bacterial identiﬁcation at the species level.
4. CONCLUSION AND PERSPECTIVES
In this work, we developed a bacterial MALDI-TOF spectra
identiﬁcation approach without using standard spectra library,
but only protein sequences from UniProt database. Genetic
algorithm with double cross-validation was performed to get
the proteins encoded by 10 most informative genes as protein
panels to be considered for bacterial identiﬁcation. At the genus
level, the identiﬁcation accuracy exceeded 80%. Although the
performance is still behind the performance of spectral library
search based approach, it is the ﬁrst attempt to implement and
test the idea of library-free MALDI-TOF MS bacterial
identiﬁcation in a systematic way and provides possibility to
identify bacteria that cannot be obtained in monoculture
colonies.
The bacteria identiﬁcation model can be improved in the
future by updating the model with increasing reliable protein
sequence annotations, including information such as PTMs and
sequence variations, available in UniProt or other public
proteomic database. The framework includes an automatic
model update options, which can be used to update model and
test its performance with new annotated MALDI-TOF spectra
and new protein sequences database.
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